reach this goal, a number of key principles for a successful benchmarking scheme have been identified [6] .
• The benchmarks must be well defined, i.e., they really must serve their purpose. As a consequence, the purpose should be clear.
• Benchmarks should be rigorously focused on limited, particular subdomains.
• It is more likely that a benchmark is successful within a scientific (sub)community if it arises from that community itself.
Our design process started with a web-based survey, to identify the needs of the different users to which the scheme is addressed. The research communities considered were humanoid robotics, wearable robotics, and human biomechanics. The latter has been included because of the increasing need to merge insights from biomechanics and human motor control in robotic research. The survey (see Figure 1 ) comprised nine questions, which, overall, address the first two aforementioned design principles. The first three questions aimed to collect general information about the respondents, such as their background and their overall interest in using a benchmarking scheme and in sharing the data obtained by its use. The last six questions focused on the contents of the ideal benchmarking scheme, in terms of • its general purpose • the motor functions addressed • the performance variables to be measured • the conditions to be included • its technical properties • information needed to contextualize the results.
In questions 4-9, the user was asked to give a score from one to five for each of the predefined options. The results are represented in Figure 1 in terms of the mean values and standard deviations and divided based on the respondents' backgrounds. A statistical analysis of the similarity across communities has been performed by one-way analysis of variance (level of significance p = 0.05). Figure 1 also provides a rough classification of results in three classes, according to mean scores across all communities: items of high relevance (mean score over four, highlighted in green), items of medium relevance (mean score over three, shown in orange), and items of low relevance (mean score lower than three, shown in red). An asterisk indicates the items that presented a significant difference in the responses among the communities (excluding the "other" group).
Existing Taxonomies for Skills and Abilities
Defining a common nomenclature is a basic purpose for a successful taxonomy. This is particularly true in our case because the target is multidisciplinary and different terms, like skill, function, ability, task, activity, action, and performance, can have different meanings. Inspired by the approach of Magill [7] , we will make use of three terms: skill, ability, and performance (see Figure 2 ). We define skill as a task or activity with a specified goal. For instance, walking is a motor skill whose goal is to move from point A to point B. Ability can be The results of the web-based survey: the 161 respondents to the questionnaire are international experts that were contacted through the following workshops, networks, or forums: the aforementioned involved research projects, i. defined as the independent functional blocks needed to achieve a skill. Usually, several abilities-motor and/or cognitive-are needed for the achievement of one skill. Performance is the third relevant component of this scheme, defined as the level of achievement of the goal. Performance is a common aspect in clinical and robotic scenarios. Performance measures usually consist of discrete scales based on time, distance, or a percentage of goal achievement, and it can be obtained experimentally with no particular difficulty. Measures for skills and abilities are more difficult to obtain because they rely on generic concepts (e.g., walking, standing) and depend on continuous variables such as kinematics, kinetics, and muscular activity, which can hardly be translated into absolute metrics. For these reasons, appropriate classification methods can provide a useful basis for the organization of these concepts. If we look at a humanoid robot, or at a human in combination with a wearable device, as a sort of impaired version of the human machine, the potential benefit of using clinical-based taxonomies becomes apparent, since the process of (re)learning is common to both rehabilitation and machine-learning scenarios. Gentile [8] and Fleishman et al. [9] proposed successful taxonomies for motor skills and motor abilities that are commonly used in physical therapy and psychology.
Gentile's taxonomy (see Figure 3 ) classifies motor skills according to the following two general dimensions:
• the environment, represented by the elements in contact with the person during the execution of the skill, which can be classified according to two intrinsic characteristics: 1) its absolute motion and 2) the presence of intertrial variability, which indicates whether the environmental condition changes between two consecutive trials • the function of the motor skill, which is classified according to 1) the orientation of the body, which can be maintained (e.g., in standing) or transported (e.g., in walking), and 2) the presence of object manipulation during the execution of the task. The resulting combination of these characteristics is normally represented in a bidimensional table (see Figure 3) , organized in terms of increasing complexity, from top-left to bottom-right positions. A typical rationale during a motor learning procedure is to begin with a stationary environment and no intertrial variability (e.g., repetitive trials of a single movement) and then to move toward a complete moving environment with intertrial variability (e.g., real-life and out-ofthe-lab conditions). Similarly, but from the perspective of the function, skills that require static body posture are simpler than those requiring body transport.
Motor abilities underlining motor skills directly influence the performance of their execution. Fleishman [9] proposed a list of 54 independent motor, cognitive, and visual abilities at The basic components of our benchmarking taxonomy: motor skills, motor abilities, and motor performance. These components have important interdependencies. To achieve a desired motor performance (e.g., moving from A to B), different motor abilities (e.g., coordination, equilibrium, and reaction time) should be combined together, resulting in a functional motor skill (e.g., walking movements). These three motor aspects, whose quantitative measurement is the main objective of the proposed scheme, are associated with three corresponding internal processes (indicated in blue): 1) the perception of the sensory feedback resulting from the actual performance, 2) the learning of new control strategies, and 3) the adaptation of motor abilities necessary to generate an improved motor skill. The analysis of these internal processes, very specific to each community, goes beyond the scope of the proposed scheme.
Motor Performance the basis of a wide variety of skills, from locomotion to complex manipulation. We identified a subset of significant motor abilities from Fleishman's list related to lower-limb motion. They are interlimb coordination, static and dynamic strength, limb flexibility, gross body equilibrium, reaction time, speed of limbs, and control precision.
Proposed Benchmarking Scheme
The proposed benchmarking scheme is composed of three sections.
• Motor skills classification-reports the most relevant motor skills related to locomotion and standing, classified according to Gentile's taxonomy.
• Benchmarking methods-includes the benchmarks that can be used to quantitatively assess the specific abilities behind motor skills, according to an extended version of Fleishman' s taxonomy.
• Experimental protocols-we propose a template of a work sheet that researchers can use to design their own experimental protocols within our framework. Internal properties, such as cognitive abilities (e.g., perception, learning, planning, prediction, and adaptation; see Figure 2 , blue items) or internal dynamics (e.g., intersegmental forces) are not considered in this scheme because its goal is to describe the different facets of the resulting performance and not to quantify the possible causes. Figure 4 shows our proposed taxonomy for motor skills, based on Gentile' s approach. Under the perspective of function, we included the body posture conditions, corresponding to postural skills, and the body transport conditions, corresponding to locomotion skills. According to the environment characteristic, tasks are further classified depending on the motion of the environment and intertrial variability. For the sake of clarity, we point out that the concept of intertrial variability can be assimilated to the concept of unexpected disturbance, which is of more common use in the robotic field.
Scheme for Motor Skills Classification
Motor skills related to body posture are depicted in the first column of Figure 4 and briefly defined as follows:
• Static horizontal surface: maintaining an upright posture.
• Static inclined surface: similar to the previous case, but using an inclined surface.
• Different static surfaces: automatically adapting to different and unknown inclinations.
• Continuous surface tilts: maintaining equilibrium on a support surface whose angular orientation is varied cyclically (e.g., sinusoidal), with constant amplitude and frequency.
• Continuous surface translations: similar to the previous case, but with translational displacements instead of angular displacements.
• Constant weight bearing: maintaining equilibrium after applying an external (and known by the system) weight to the body.
• Sudden surface tilts: equilibrating on a support surface whose angular orientation follows an unpredictable and variable pattern over time.
• Sudden surface translations: equivalent to the previous case, but in the horizontal direction.
• Body sway referenced platform: equilibrating on a platform that is tilted so that the relative angle between the foot and body is kept constant, eliminating ankle proprioceptive information [10] .
• Pushes: maintaining equilibrium after external pushes with short duration.
As for body transport (second column in Figure  4) 
Scheme for Benchmarks
A schematic overview of the most relevant motor abilities related to bipedal functions is shown Figure 5 . We have classified them into two main categories, performance and human likeness, in which performance is related to Figure 5 . The motor abilities and related benchmarks are classified in two categories: performance and human likeness. The performance category includes all those abilities related to stability (ability of maintaining equilibrium) and efficiency. The human likeness category includes all those abilities related to typical human behavior, under the perspective of kinematics and dynamics. For each ability, a specific benchmark has been identified. The last column specifies in what classes of motor skills (i.e., the function category of Figure 4 ) the corresponding benchmark is applicable.
the accomplishment of the goal of a motor skill, and human likeness represents in what manner the task is executed, which can or cannot be correlated with the level of accomplishment of the goal. Each ability is associated to one or more benchmarks, which allows the quantitative measurement of the corresponding ability. To allow for truthful application across a wide variety of bipedal systems, all benchmarks should be made independent from weight and size.
Benchmarks of Performance
In our view, two features can describe performance: stability and efficiency. We define stability as the ability to maintain equilibrium during the execution of a motor skill. Loss of equilibrium can be easily detected by the occurrence of a falling event. To assess stability within a single trial, we identified two benchmarks: time until falling and cycles until falling. The time until falling should be used in all static postural conditions (e.g., quiet standing on a static surface) because the detection of a cycle cannot be easily determined. The number of cycles (e.g., walking stride cycle or tilting platform cycle) is more suitable during dynamic conditions, or when robots with different sizes are considered, because of the influence of speed and size on time. To measure stability across different trials, the success rate should also be measured. Another benchmark of the stability is the ability of maintaining the center of mass (CoM) above the polygon of support, reflecting what Fleishman referred to as gross body equilibrium. The ability can be measured analytically by the energy stability margin (ESM) [11] , or by identifying the maximum accepted disturbance, in terms of amplitude and frequency. Measuring the energy efficiency of robots and humans can be done by the specific cost of transport ct h [12] , [13] , defined as the ratio of the energy consumed and the weight times the distance traveled. In robotics, to isolate the effectiveness of the mechanical design and controller from the efficiency of the actuators, the specific energetic cost of transport cet h, comprises the total energy consumed, and specific mechanical cost of transport cmt h, which only considers the positive mechanical work of the actuation system, have been introduced. Another way to assess the energetic aspects of locomotion has been recently introduced with the concept of passivity, defined as the ability of optimizing the use of gravity and inertia to move the body forward. The resulting passive gait measure (PGM) [14] appears to be a potential benchmark because of its practical use in robotic and human scenarios. Another aspect of efficiency is the ability of reacting promptly to an external command or perturbation, usually referred to as reaction time.
Benchmarks of Human Likeness
Human likeness is a term widely used in humanoid robot community to define the similarity with human behavior. The concept of healthy behavior is used instead in the fields of wearable robotics and human biomechanics. In our scheme, we propose to maintain the term human likeness, due to its conciseness. To translate this concept into a number of abilities and related benchmark, we divided human likeness into two categories, kinematics and dynamics (see Figure 5 ). Under the kinematics category, we included all the abilities that can be analyzed by observing only the motion of the body. We have identified three further subcategories as follows.
• Whole body motion can be generally described by the motion of the CoM and compared with humans through correlation techniques, such as dynamic time warping [15] . Recently, other techniques for global movement assessment have been introduced, such as the gait harmony [16] . In the specific case of posture, the human-like wholebody sway is commonly considered [17] , [18] . Global motion can be also assessed by visual inspection from human observers [19] .
• Individual joint motion can be easily measured and compared with healthy humans [15] . Foot motion is also a crucial aspect in walking. In the ideal benchmarking scheme, the assessment of basic wheel-like mechanisms of the foot-i.e., heel, ankle, and forefoot rockers-should be included [20] , [21] .
• Coordination, which includes interlimb coordination, such as symmetry [22] and trunk/arm motions used for regulating body momentum [23] ; and intralimb coordination, i.e., ankle-knee-foot synergies [24] . The category of dynamics includes all the abilities that are correlated with forces behind movements. The ground reaction forces are mostly used as a descriptor of the global kinetics of the body. Beyond the direct measurement of forces, some other interesting features related to dynamics can be considered and assessed. One of them is the dynamic similarity, introduced by Alexander et al. [25] , which is defined with the following criteria: 1) geometric similarity, 2) equal phase relationships, 3) equal duty factors, 4) equal relative stride lengths, 5) equal relative ground reaction forces, and 6) equal relative mechanical power outputs. They verified experimentally that differentsized animals meet these six criteria when they move with the same Froude number. Therefore, the Froude number can be taken as a compact way to describe dynamic similarity between a robot and human, irrespective to size [26] . Mummolo et al. [14] recently proposed an indicator of dynamicity, i.e., the dynamic gait measure (DGM), defined as the ability of a legged system to maintain dynamic stability while . The template of the work sheet. This work sheet should be used each time someone wants to propose a new benchmarking protocol to the community so that others can replicate the experiment on different platforms and hardware configurations. Sections 1 and 2 should be used to contextualize the motor skill and the type of disturbances. Section 3 should contain a step-by-step description of the experimental protocol, to allow for its replication. Section 4 should include the variables to be measured to allow for computing the benchmarks specified in Section 5. Finally, in Section 6, the researcher should specify how results will be presented. Examples of how to use the work sheet in practical systems and experimental scenarios will be gathered in the web page www. benchmarkinglocomotion.org to promote its iterative use and improvement. statically unbalanced, therefore useful to distinguish between zero-moment-point-based control approaches versus natural dynamics systems (e.g., passive walkers). A further relevant characteristic in biological locomotion is the compliance defined as the reciprocal of stiffness [27] . Compliance can be assessed by measurement and derivation of the displacement-force relationship in consequence to an external stimulus, usually referred to as an impulse-response function (IRF) [18] . At the joint level, it can be measured through the derivation of angle-torque relationship.
Scheme for Experimental Protocols
Establishing unified experimental protocols is one of the major challenges of the proposed scheme. To facilitate this process, we have developed a template for proposal, called a work sheet (see Figure 6 ). Its purpose is to encourage researchers and external collaborators to provide practical proposals for simplified experimental scenarios, which can be shared with other researchers and tested in different laboratories. Through an iterative approach, these experimental methods will be then refined and eventually get to feasible and agreed protocols. The work sheet is composed of two main sections (see Figure 6 ). The first column of the sheet should be used to define the specific motor skill, both qualitative, by classifying the skill according to the taxonomy, and quantitative, by specifying a set of parameters that characterize the type of disturbance, e.g., the location, direction, magnitude and frequency of disturbance, or the duration and number of trials. The second column of the work sheet should be used to allow the replication of the experimental protocol in different laboratories. Four kinds of information should be included: 1) the experimental procedure, 2) the applicable benchmarks, 3) the variables to be measured, and 4) the method of representing the results, i.e., numerical, graphical, or single scale.
Discussion
The need for quantitative metrics of bipedal motor skills is becoming increasingly relevant in humanoids, wearable robotics, and human biomechanics research. The web-based survey showed that, despite this heterogeneous scenario, the different communities share similar needs, with some minor differences. In humanoid research, it appears to be especially relevant to benchmark the performance under different perturbed conditions. In the wearable robotics community, there is a general interest on natural motion and postural stability. In human biomechanics, and particularly in the clinical fields, benchmarking should be focused on the detection of specific abnormal patterns with higher precision and reliability with respect to the current clinical scales. It is important to consider that the survey's respondents were mostly from the humanoid fields (40%), which could have biased the results toward this community. Nevertheless, we consider that the results obtained through the survey are a good starting step toward a unified framework. In general, respondents did not support anonymous and competition-based approaches. This does not deny the importance of robotic competitions, but states that the competitions are not being perceived as proper performance benchmarks. In this respect, our scheme can represent a complementary tool that can help researchers to find causal relationships between the performance during competition and the performance in each of the subfunctions identified in our scheme. This may provide additional clues to improve the technology, which is the (common) ultimate goal of all benchmarking efforts.
We have included in our benchmarking scheme most of the conditions and features that received higher scores in the survey. A preliminary version of this scheme was also discussed with the humanoid and exoskeleton communities in two recent international workshops (the Workshop on Benchmarking Bipedal Locomotion at the IEEE-RAS International Conference on Humanoid Robots, 18 November 2014, Madrid, Spain, and the European Robotics Forum 2015 Session on Replicable Robotics Research and Benchmarking). One aspect that was discussed extensively was the importance of a common terminology. This discussion led us to put more emphasis on the definitions of specific terms-such as motor skills, abilities, and performance-and resulted in the proposal of the different taxonomies.
A relevant issue arisen from the discussions is related to the benchmarking of control algorithms and other internal cognitive processes. On the one hand, we found this topic of extreme importance, being the basis of the resulting performance measured by our scheme. On the other hand, we observed that the internal processing strategies have great variability across the different communities to which this scheme is addressed. Therefore, we believe that this topic should be considered and discussed within each community independently. This process will eventually result in benchmarks that can be either added to this unified scheme or included as community-specific add-ons.
One problem when defining similarity between different systems is that the dynamic and kinematic properties, including elementary properties such as weight, size, mass distribution or number of degrees of freedom (DoF), but also the corresponding kinematic and dynamic constraints, have to be considered. As for weight and size, some of the proposed benchmarks already consider these differences in their scores (e.g., Froude number, cost of transport). Other methods did not explicitly include scaling laws [e.g., ground reaction forces (GRFs), reaction time, joint torques], therefore requiring further discussion within the community to establish clear rules for scaling. As for the differences in the DoF, in the cluster of the European projects contributing to this article, some groups are currently investigating this issue and working on how to best compare similarity in the common DoF while considering the effect of the noncommon ones.
Certainly, some of the proposed benchmarks might not be considered effective in specific scenarios or systems. However, the proposed benchmarking scheme should not be used as a whole. Researchers are encouraged to choose only those features that are in line with their objectives. At the same time, this scheme is conceived as a flexible platform, open to new contributions and extensions resulting from international discussions. For instance, motor skills copying with voluntary transitions, such as changes in walking speeds, transitions from standing to walking, or turning, are still not present and will be considered for their inclusion. As for the experimental procedure, it appears necessary to ensure replicability of the benchmarking protocols. At the same time, the scheme should leave a certain measure of freedom in the application of the experimental procedures, due to the wide range of systems and laboratory conditions across the different communities. The work sheet has been conceived for this purpose. The major goal of the work sheet is to standardize the design process of a benchmarking protocol, therefore maximizing its potential use across different scenarios and end users. To this aim, special efforts should be made to translate the method currently used in human motion analysis (based on GRF, CoM, or CoP measurements) into minimal experimental setups, which allow at the same time fast, versatile and sufficiently accurate results across platform with different hardware.
Conclusions and Road Map
In this article, we have set the foundations of a general structure for benchmarking bipedal motor skills. The originality of our approach is threefold. First, the proposed scheme is comprehensive, i.e., it arranges the great majority of bipedal motor functions into a meaningful taxonomic structure, using a classification scheme based on motor skills, abilities, and performance. This global method of classifying motor functions, inherited from the field of rehabilitation and psychology, has not been proposed or applied in the robotics scenario previously. Second, it is function based, i.e., it analyzes specific subfunctions of the global motor behavior instead of evaluating the general accomplishment of a goal. This approach is innovative because, if applied in combination with existing goal-based benchmarking analysis (e.g., U.S. Defense Advanced Research Projects Agency Robotics Challenge), can provide clues on the causal relationships between the sensorimotor mechanisms and resulting behavior. Third, the scheme is collaborative, i.e., it requires the participation of the community in proposing and refining new protocols and benchmarks, e.g., by means of the work sheet tool provided in this article. To encourage this collaborative process, we recently created a website (www.benchmarkinglocomotion. org), which will allow researchers to participate actively in the definition and improvement of the scheme. Similarly, we created a mailing list (https://listas.csic.es/wws/info/ benchmarking_list), which is currently used to disseminate related events and topics.
In the road map toward an interdisciplinary and international consensus, we have identified some crucial steps. The first step is to identify and test the experimental protocols on different bipedal systems to verify to what extent two different systems/laboratories can share the same procedures. In this respect, a crucial factor will be the involvement of the robotic platforms currently available in the literature, and preferably those already participating in other benchmarking initiatives, to start defining standard procedures and calculating representative scores. The second step would be the refinement of the benchmarking scheme to formalize additional/specific goals for each (sub) community. In particular, we envision the development of community-specific schemes, such as those related to benchmarking of cognitive and algorithmic processes, currently not included in this scheme. The third step should be directed to discuss with current standardization working groups on robotic technology the appropriate strategies to translate the proposed benchmarks and metrics into future standards. (The working groups include IEC SC62A and ISO TC184/SC2/JWG 9-Medical Electrical Equipment and Systems Using Robotic Technology, ISO TC184/SC2/ WG1-Vocabulary and Coordinate Systems, ISO WG7-Personal Care Robot Safety, and ISO WG8-Service Robots.) This last step will be essential for an appropriate market introduction of the new robotic technologies.
